ABSTRACT This paper presents a knowledge-based framework for modeling crowd motion in an unfamiliar environment. Three predominant procedures were defined in the framework: knowledge representation, dynamic knowledge transmission, and knowledge-guided wayfinding. First, a semantic-based layered structure is designed to represent knowledge about the unfamiliar environment. Second, to capture important influential factors for knowledge transmission, such as personal influential radius and personal abilities of expressing and assimilating knowledge, we construct a model of personalized knowledge transmission. Third, a probability-based knowledge-guided wayfinding model is presented to produce diverse actions and allow the individuals to adapt to knowledge changes in an unfamiliar environment. Finally, a crowd simulation system is implemented to visualize the analysis in a graphical manner. The proposed method is expected to provide guidance for emergency management especially when the crowd has incomplete knowledge of the environment.
I. INTRODUCTION
Modeling crowd motion is commonly used in emergency evacuations, architectural designs, robotics, traffic dispersion, special effects in games and feature films. A crowd is generally composed of heterogeneous individuals that have various familiarity degrees with the environment. For example, people in a shopping center or an airport may have incomplete knowledge of the area, and their wayfinding behavior is evidently different from those who are familiar with the environment. However, most crowd simulation methods assume that all people are familiar with the environment and can find their way to their goals by an optimal path-searching algorithm [1] - [3] . These emergency evacuation programs are not suitable for the unfamiliar environment since the actual human behaviors are not considered in this situation. Therefore, simulating the motion of a heterogeneous crowd with incomplete knowledge of the environment is necessary in practical applications.
Compared with the in-depth research on simulating crowd motion in familiar environment, only a few studies [4] , [5] have been presented to simulate crowd motion in an unfamiliar environment. In these methods, the knowledge are often represented as specific features of the environment, e.g., ''exits list'' [4] , ''mental maps'' [5] , ''known exits'' [6] , etc. These methods assume that the knowledge are transmitted according to the designating rules, and the individuals take the same action under the same conditions. These methods are typical rule-based methods where the rules are carefully designed for specific scenarios, and they are too predictable for more general scenarios.
Modeling crowd motion in an unfamiliar environment is a challenging problem. To study this problem, we consider the features that affect the crowd behaviors in an unfamiliar environment. First, the knowledge representation provides the basis of motion modeling in an unfamiliar environment, and it should describe individual's local view of the unfamiliar environment especially for large and complex scenarios. Second, the knowledge transmission speed among individuals is various because it is influenced by many factors, such as personal influential radius, knowledge attenuation and disturbance due to personal abilities of expressing and assimilating knowledge. Third, the individual action is diverse among individuals in an unfamiliar environment, and suitable individual action that allow them to adapt to knowledge changes in their local environment should be considered. All of these factors are of critical important for modeling crowd motion in real-world unfamiliar environments. Because the existing methods do not consider these real-world factors, they cannot model and analyze crowd motion in an unfamiliar environment accurately.
This paper presents a knowledge-based simulation framework to model crowd motion in an unfamiliar environment. By studying three predominant procedures (i.e., knowledge representation, dynamic knowledge transmission and knowledge-guided wayfinding) in the framework, our method can model heterogeneous crowd motion realistically in a flexible and controllable way. The proposed method is expected to assist in analyzing crowd behavior in an unfamiliar environment, and developing emergency preplans in this situations. The contributions of this research are listed below.
• A semantic-based layered structure (Semantic-LS) is designed to represent the knowledge about the unfamiliar environment. Semantic-LS is built from the view of human perception, and it can describe individual's local view of the unfamiliar environment effectively.
• A personalized model of knowledge transmission (Personalized-KT) is constructed to capture important influential factors (e.g., personal influential radius, personal abilities of expressing and assimilating knowledge, etc.) on knowledge transmission speed.
• A probability-based knowledge-guided wayfinding model (Probability-KWF) is presented to model the crowd motion in an unfamiliar environment. The model allows the individuals to adapt to knowledge changes in their local environment, and produces diverse actions among individuals in an unfamiliar environment.
• A system is implemented to demonstrate crowd motion in an unfamiliar environment intuitively.
II. RELATED WORK A. CROWD MODELING METHODS
Simulating the crowd evacuation process has long captivated the attention of researchers. Most of studies focused on how to model the crowd motion, such as Rule-based methods [7] , social-force methods [8] , [9] , and computational intelligent methods [10] . Recently, methods with two steps, global path planning [1] and local collision avoidance [11] , were also involved to compute crowd motion in large-scale crowd simulation. Global path planning often works as the necessary prerequisite for crowd simulation. It computes the static-obstaclefree path towards the goal for each individual. Most global path planning methods abstracted the obstacle-free regions of virtual environment with undirected graph structure [12] , [1] and performed search operations on the graph to produce an obstacle-free path for individuals. An undirected graph structure is also used in this paper to represent the static-obstacle-free space. However, we construct the Semantic-LS to process large or complex environment conveniently. Moreover, the Semantic-LS also helps to represent the human knowledge about the environment semantically.
Local collision avoidance methods deals with collisionavoidance with dynamic obstacles and other individuals. These methods can be categorized into two different types: discrete methods and continuum. Researchers often construct motion flow field [13] , [14] to compute the collision free path for continuum representation of the crowd, which is suitable for the cases where all individuals have the same goal. However, when individuals have different goals, the methods are expensive to compute their paths. Discrete methods use social force model [15] or geometric-based algorithms [11] , [16] , [17] to compute collision-free velocities for each individual. Generally, these methods only consider neighboring individuals to reduce computational cost. A typical geometric-based algorithms-reciprocal velocity obstacles (RVO) method [16] is also used in this paper to compute collision avoidance. It can avoid future possible collisions among individuals in velocity space efficiently.
To diversify the crowd motion behaviors, social features are also incorporated into crowd simulation. For example, emotional factors [18] , [19] , influence of the leadership [6] , group behaviors [20] , information propagation among crowd [21] - [23] , and the influence of overcrowding [24] are considered. However, most of the methods in crowd simulation focus on modeling homogenous crowd where all people are familiar with the environment. Since a crowd may be generally composed of heterogeneous individuals that have various familiarity degrees with the environment, studying the problem of how to model crowd motion in an unfamiliar environment is of great importance in practical applications.
B. CROWD MODELING IN AN UNFAMILIAR ENVIRONMENT
Pelechano and Badler [5] designed a multi-agent systemMaces-to simulate actual human behavior in an unfamiliar environment. Knowledge was represented as mental maps and it could be transmitted among leaders in a room in Maces. Tsai et al. [4] designed a multi-agent evacuation simulation system-ESCAPES. The system organizes knowledge as an exit list and transmits it among family members. These two methods are rule-based, and the results are not realistic for more general scenarios because various and complex factors that are important for crowd evacuation have not been considered.
There are also some researches studying crowd social behavior mention the problem of knowledge representation and knowledge transmission incidentally. Most of them endow the individuals with knowledge [6] , [23] , [25] such as ''known exits'', and ''known routes''. These methods often assume that the optimum path or exit is taken when an individual has enough knowledge. Otherwise, the individual may follow the paths that familiar individuals traveled [6] , [23] or run for the exit they used as entrance in an emergency situation [26] . In these methods, everyone follows the same rules and takes the same action even they are different from each other. Therefore, the rule-based methods are too predictable for more general situations.
In this paper, we aim to provide a more flexible and controllable framework to simulate crowd motion in an unfamiliar environment. To the best of our knowledge, no previous work extensively and systematically studies the above problems, which are of great importance in analyzing emergency evacuation in unfamiliar environment.
III. OVERVIEW
Our goal is to simulate actual human wayfinding behavior of a heterogenous crowd with different familiarity in a given unfamiliar environment. The framework presented in this paper includes three predominant procedures: knowledge representation, dynamic knowledge transmission, and knowledge guided wayfinding as shown in Fig. 1 . We first design a Semantic-LS to represent the unfamiliar environment from the view of human perceptions. Then, a Personalized-KT model is constructed to model the knowledge transmission which is influenced by important factors (e.g., personal influential radius, and personal abilities of expressing and assimilating knowledge). Next, we present a Probability-KWF model to model individual's diverse actions that adapt to knowledge changes in an unfamiliar environment. Finally, a crowd simulation system is implemented to display the results of our theoretical analysis in a graphical manner. The results can be intuitively understood by non-technical people.
The framework is defined formally as follows. Let F = (I, MC, O) be the framework, where I = (M, P) is the input, O is the output, and MC computes the crowd motion in unfamiliar environment. As for the input, M is the 3D model of the environment and P = (N , X, V, G) denotes a crowd with N individuals that have position X, speed V and goal position G initially. As for the motion computation MC = {(KR, KD, KW, CA)|A}, A = (x, v, g, ε, , R) is an individual in the crowd, where x is the position, v is speed, g is goal position, ε and is the ability of knowledge expression and assimilating knowledge respectively, and R is personal influential radius. The four tuples (KR, KD, KW, CA) defines the operations on each individuals. KR is the operation of knowledge representation that enables the knowledge to be perceived and learned by individuals; KD is the operation of dynamic knowledge transmission which describes the information gain of each individual during simulation; KW is the operation of knowledge-guided wayfinding operation that finds a specific route for each individual; and CA is the collision avoidance procedure that computes the collisionfree velocity of each individual.
IV. KNOWLEDGE REPRESENTATION
Generally, the most intuitive representation of knowledge is a specific route for each individual. However, a number of paths are available for an individual in a scenario, which presents a great challenge to storing resources, and limiting the scalability and efficiency of crowd simulation method significantly.
We represent the knowledge from the view of human perception to simplify the problem. A semantic-LS KR is presented here. To indicate the familiarity of an individual with an unfamiliar environment and compute the detailed path, KR includes three layers, base knowledge K b representing the topological and geometrical information semantically in the bottom layer, individual knowledge K denoting familiar degree in the middle layer, and specific knowledge K s expressing the navigation path in the top layer.
A. BASE KNOWLEDGE K b
Base knowledge K b is a layered structure that abstracts the topological and geometrical information of M semantically; it can be shared by all individuals located in M. Observe that our perception (vision and hearing system) of the environment often works in a local area, we first divide the 2D domain of M into perception-reachable subregions geometrically, and then detail the description of each subregion. A layered graph G, named region graph, is used to express K b .
1) REGION SUBDIVISION
Let C be the 2D projection of the 3D environment model M. C denotes the simulation domain that is encompassed by the axis-aligned bounding box of the projected model. C is divided into a set of subregions C = {c i }, where each VOLUME 6, 2018 subregion c i is an axis-aligned box and C = c i . For example, in Fig. 2(a) , the 3D environment model M is provided. Fig. 2(b) shows the 2D projected model. C is the area enclosed by border lines, and each subregion of C is a single room in the example. The subdivision process can be executed efficiently and intuitively because daily largescale scenes are often managed by different subsections. The subdivision is executed according to the following principles.
Functional principle: The region is divided into subregions according to different functions. For example, a super market is often divided into different sections, such as fruits, vegetables, dairy, etc.
Geometrical principle: Geometrical shape is the most apparent feature for subdivision. Geometric information such as regular shape, symmetry, and similarity, as well as semi-closeness is regarded as the references of the region subdivision.
Size principle: Each subregion has at least one exit. The smallest subregion is a semi-closed space, such as a room.
2) REGION-GRAPH CONSTRUCTION
The region graph is defined in this paper as, but not limited to, a two-layer graph G(C(V , E), L). The top layer of G describes the subregions C = {c i } and their connections L. Each subregion c i ∈ C in the bottom layer is extended to a graph to describe the geometrical and topological features of c i thoroughly.
Each subregion c i ∈ C is a vertex of the top-layer graph. Given two adjacent subregions c i and c j ( i < j), the center point O k of each exit on the shared edge of c i and c j is obtained. Thus, the connection nodes of c i and c j is The bottom layer C(V , E) = {c i (V , E)} of G expresses the geometrical and topological information of each subregion c i .
can be effectively constructed with the probabilistic-based method [27] . The vertices V of R i (V , E) are generated randomly in the obstacle-free space of the subregion. Adjacent nodes that are mutually visible and lie within a threshold distance of each other are connected by an edge e ∈ E.
The connection nodes are added to the roadmap of the corresponding subregions to ensure that the roadmaps of all reachable subregions can be extended into a large connected graph. The edges between the connection points and their visible adjacent vertices in the roadmap are also created accordingly. Fig. 3 shows an example. 
C. SPECIFIC KNOWLEDGE K s
Specific knowledge is defined as an available path P from the start to the goal position of an individual. All vertices and edges on the path are obtained from the bottom layer of the region graph G. K s can be computed conveniently using base knowledge K b and individual knowledge K according to our wayfinding algorithm, which will be introduced in next Section.
Our method can process the large and complex environment incrementally, and construct the more general structure-G which describes the topological and geometrical information of the environment automatically. The available path for each individual obtained based on Semantic-LS without considering the trivial details. Furthermore, the familiarity settings of the population is more realistic by defining the individual knowledge as a continuous value between 0 and 1 rather than a discrete value 0 or 1 as in existing methods. It enable us to express the intermediate states of familiarity.
V. KNOWLEDGE TRANSMISSION
When people have incomplete knowledge of an area, they may communicate with her neighbors to obtain more information. However, this process is influenced by many important factors, such as personal influential radius and personal abilities of expressing and assimilating knowledge. We propose personalized-KT model in this section. During knowledge transmission process, the individual knowledge K i increases dynamically when individual i obtains more information from other knowledgeable individuals.
In order to study the changes of knowledge with time, we suppose that time is slotted into equal intervals. Knowledge is periodically updated for each interval and remains unchanged during a time slot. Given the individual knowledge of individuals i in the nth time step, our goal is to compute its individual knowledge in the (n + 1)th time step as
At each time step n, an individual i communicates with its more knowledgeable neighbors. Let
} be the knowledge obtained from its neighbors, which is defined as
Equation (1) indicates that the individual tries to obtain the maximum level of knowledge from its neighbors. In this equation, N i is the neighbor set of the individual i, ε m is the personal ability of knowledge expression for individual m, and i is personal ability of knowledge assimilation for individual i. In equation (1), a neighbor j ∈ N i is an individual that the distance between i and j is smaller than a threshold R i and that there is no obstacle blocking the sight line between i and j, allowing knowledge to be transmitted through communication, gestures or facial expressions. Here, R i is the personal influential radius of i, and it controls the speed of knowledge spreading.
Considering that both the personal abilities of expressing and assimilating knowledge are various among individuals, they are numerically formalized by numbers drawn from a specified probability distribution. We suppose that both ε i and i are subject to normal distribution N (µ, σ 2 ). Thus, ε i and i can be represented as
Both ε i and ρ i are random numbers between [0, 1] . Larger values mean stronger abilities of expressing or assimilating knowledge. For example, a larger i implies that individual i is more outgoing in obtaining useful information, whereas a smaller i implies that the individual is more shy in communicating with others. The two parameters ε i and ρ i also control the attenuation and disturbance of knowledge during spreading process. Larger values of the two parameters produce less attenuation and disturbance, according to Equation (1).
Finally, the individual knowledge of i can be updated according to
After updating individual knowledge K n+1 i
, specific knowledge K s is also updated accordingly. Each individual re-selects a specific route P. The individual has more opportunities to select an optimal path when K i increases.
VI. KNOWLEDGE-GUIDED WAYFINDING
To get the path P from specific knowledge K s of each individual, a Probability-KWF model is developed in this section. It can produce diverse individual actions that adapt to knowledge changes in an unfamiliar environment. In Probability-KWF model, we obtain the vertices and edges of the specific route P in two phases: high-level and low-level navigation. High-level navigation determines the vertices on the path that connect different subregions while low-level navigation computes the vertices and edges within a subregion.
A. HIGH-LEVEL NAVIGATION
The high-level navigation is executed in four steps, which are as follows.
Step 1 (Computing the Selection Probability): First, two sets C neighbors and C cand are constructed. Let c cur be the subregion where i is located currently. C neighbors is the neighborhood subregions of c cur . C cand is a candidate set that contains all subregions that have at least one path to the destination. Thus, C cand ⊆ C neighbors . To obtain C cand , all available paths P from the start subregion c s to the goal subregion c g of individual i on the top layer of G(C(V , E), L) are computed using a backtracking algorithm combined with depth-first search mechanism on the top layer of G(C(V , E), L) conveniently. Then, C cand is constructed by selecting all subregions that next to c cur in each path of P.
Second, the selection probability for each subregion in C neighbors is computed. Let p(i, j) be the selection probability of subregion c j in C neighbors for each individual i. To ensure that the individual does not consider the familiar subregion which does not have a path to the destination according to observation 2, we set p(i, j) = 0 if c j ∈ C neighbors \C cand and k j i ≥ ϑ where ϑ is a threshold. However, the unfamiliar subregions that do not have a path to the destination can still be selected. Thus, if k j i < ϑ, c j ∈ C neighbors \C cand will be added to C cand .
Third, the selection probability p(i, j) for subregion c j ∈ C cand is calculated as
where · is the size of the set. In Equation (4), a larger k j i yields higher selection probability. When all subregions are strange places for i (i.e., k j i = 0), random sampling is used.
Step 2 (Adjusting the Selection Probability): The selection probability p(i, j) of subregion c j ∈ C cand should be adjusted VOLUME 6, 2018 because individuals tend to find the optimal path when they are familiar with the environment. Suppose that individual i is familiar with subregion c j if k j i ≥ ϑ. Thus, a set with familiar subregions C f for i is easily obtained by adding c j ∈ C cand which satisfies k j i ≥ ϑ to C f intuitively. Then, a subset C short ⊂ C f that contains the subregions that have shortest path distance from c cur to c g is constructed. Finally, the selection probability p(i, j) of c j ∈ C cand is adjusted as
where 0 ≤ λ ≤ 1/ C short controls the eagerness of an individual in selecting the shortest path. Evidently, a large λ means that the individual is more inclined to select the subregion that is nearest to the goal region.
Step 3 (Selecting a Subregion): Given an array of the selection probability p(i, j), the roulette wheel selection method [28] - [30] is used to obtain the next subregion c next . Specifically, the cumulative probability is computed to make each candidate subregion c j lie in (P s (i, j), P e (i, j)], where
A higher selection probability yields a larger interval, which means that the subregion with a larger p(i, j) is more likely to be selected. Then, a uniform(0,1) random number ℘ is generated. If P s (i, j) < ℘ ≤ P e (i, j), c j will be selected as the next subregion c next = c j . This selection process will be repeated until a subregion c next that has not been visited by i before is found.
Step 4 (Adding the Connection Node to P): The nearest connection node O m ∈ link(c cur , c next ) is added to the specific route P after computing c next for individual i, where
x i is the position of individual i; O k − x i denotes the path distance between O k and x i .
B. LOW-LEVEL NAVIGATION
Low-level navigation computes the path from x i to the subgoal in c cur . Two steps are involved in this process.
Step 1 (Determining the Subgoalg i ): Check whether individual i has achieved its target subregion c g . If so, subgoalg i is set to the goal position g i of individual i. Otherwise,g i is set as the nearest connection node O m denoted in Equation (6) .
Step
(Computing the Path From x i tog i ):
Subgoalg i is visible to individual i if obstacles do not exits betweeng i and x i , and the distance betweeng i and x i is smaller than the visual range R i of individual i. In this case, the shortest path on R cur (V , E) from x i tog i is directly added to the specific route P.
Ifg i is not visible, we suppose that the probability of selecting the shortest path is proportional to its knowledge, that is,p i ∝ k cur i . Here,p i = ak cur i + b, where a > 0, b ≥ 0 and a + b ≤ 1. The roulette wheel selection method is applied after calculatingp i for each individual to get the path from x i tog i .
Specifically, we first add x i to the roadmap R cur (V , E) of the bottom layer of G. x i is connected to the visible vertices on R cur (V , E). Then, a uniform (0,1) random number ℘ is generated and compared withp i . If ℘ ≤p i , the shortest path on R cur (V , E) from x i tog i is selected. Otherwise, a DFS algorithm is involved to get a path from x i tog i . To offer a wider variety of paths for the crowd, we randomly select the next vertex which is adjacent to current vertex.
Algorithm 1 Wayfinding(c cur
Algorithm 1 shows the wayfinding process of each individual. In the algorithm, mark(·) adds the marker for the subregion that has been visited before. ComputeProbability(·) calculates p(i, j) according to Step 1 and 2 in the high-level navigation process. Select(·) returns the subregion c next using
Step 3 in the high-level navigation process. This process is repeated until a subregion c next that has not been visited before is found. Findpath(·) obtains a path for individual i that moves from x i tog i according to the two steps of lowlevel navigation. The algorithm is essentially a DFS process on the top layer of the region graph G with the only difference that the subregions have priority to be selected.
VII. SYSTEM IMPLEMENTATION
We implement a simulation system to visualize the theoretical analysis in a graphical manner. Our system is built upon the typical crowd simulation system [16] . To model the crowd motion in unfamiliar environment, we need to compute the preferred velocity (static-obstacle-free velocity) and collision-free velocity for each individual. After obtaining the velocity, the position and knowledge of individual are updated. The implementation details are outlined in Algorithm 2.
Algorithm 2 Crowd Simulation in Unfamiliar Environment
Input: M, time step t, number of individuals N Output: A sequence of simulation results 
←− x n i + tv i ; for i has reached g i do stay near g i ;
1) INITIALIZATION
Given the region graph G(C(V , E), L), Initialization(·) generates N individuals in the obstacle-free regions. The start position x 0 i and goal position g i of individual i can be obtained from random sampling. g i can also be set as a specified location (i.e., building exit) if necessary. In this algorithm, the knowledge K of the crowd can be initialized according to normal distribution N (µ, σ 2 ). The knowledge can also be extended to other distributions as necessary. Preferred velocityṽ i is affected by the specific knowledge P of the individual, which is different from traditional methods. More knowledge yields a larger probability to move along the shortest path. 
3) LOCAL COLLISION AVOIDANCE
CollisionAvoidance(·) computes the collision-free velocity of an individual given the preferred velocityṽ i .ṽ i only avoids static obstacles in a scenario, whereas v i can avoid dynamic obstacles or other individuals in the scenario. RVO [16] which is the most popular local collision avoidance method for crowd simulation is used. Crowd collision avoidance based on RVO method is executed in the following two steps.
First, all possible velocities of individual i that lead to a potential collision with the other individual j in the neighborhood are computed. These velocities are represented by the reciprocal velocity obstacle
where gs i is the geometric shape of individual i, λ(x, v) is the ray shot from x in the direction of v. gs j ⊕gs i is the Minkowski sum of the two sets gs j and gs i , i.e. gs j ⊕ gs i = {x i + x j |x i ∈ gs i , x j ∈ gs j }. −gs i is the geometric shape gs i reflected in its reference point, i.e., −gs i = {−x i |x i ∈ gs i }. RVO i j represents all possible velocities that make i collision with j potentially. Therefore, admissible velocities that is collisionfree and oscillation-free can be obtained easily by choosing the velocities of individual i outside of RVO i j . Second, given the admissible velocities, the individual i will select the optimal collision-free velocity which is determined by the given penalty metric. The penalty of a candidate velocity v i is defined as
whereṽ i is the preferred velocity computed from global path planning, w i is weight, and tc i (v i ) is the expected collision time. The optimal velocity can be approximated by sampling a number of velocities evenly distributed over admissible velocities. More details can be referred to [16] .
Once the collision-free velocity v 
4) KNOWLEDGE UPDATING
Individual knowledge K i is updated according to Equation (1) - (3). The updated individual knowledge is used to construct the path P in specific knowledge K s with the high-level navigation and low-level navigation. VOLUME 6, 2018 FIGURE 5. Dynamic knowledge transmission in a scenario.
VIII. RESULTS
We evaluate the proposed method with two different scenarios in this section. The motion of the crowd with incomplete knowledge about the two scenarios are computed and analyzed. All reported results were obtained on a machine with a 3.3 GHz Intel Core 2 Duo CPU with 2 GB of RAM.
A. EXPERIMENTAL SETUP
The two scenarios are used in this paper as shown in Fig. 4 . In Fig. 4(a) , the environment is divided into two subsections c 1 and c 2 . In Fig. 4(b) , each single room is a subsection. In these scenarios, obstacles are shown as blue lines. In the analysis, the number of individuals in these two scenarios is N = 400. Consider the abilities of expressing knowledge ε m , assimilating knowledge m , and personal influential radius R, we set µ ε = 0.5, σ ε = 0.2, µ = 0.5, σ = 0.2 and R = 3 as the default values in our experiments, unless otherwise specified.
B. ANALYSIS OF KNOWLEDGE TRANSMISSION
We analyze knowledge transmission process in the scenario as shown in Fig. 4(a) . In the initial condition, all individuals are located in the c 1 initially and their goals are located in c 2 . We assume that the individuals are familiar with c 1 (i.e., k 1 i = 1) but have different familiarity degree with c 2 . When these individuals move to subregion c 2 , they communicate with their neighbors and obtain knowledge about c 2 . Fig. 5 shows the process of dynamic knowledge transmission in the above scenario. In Fig. 5 , the circles are individuals, and the colors denote the knowledge k 2 i about c 2 . A darker filled color means a larger individual knowledge. Fig. 5 shows that the knowledge is transmitted to the neighbor individuals gradually, thereby increasing the number of knowledgeable persons in c 2 .
Different from previous work [4] - [6] , [23] , our Personalized-KT model considers the influence of personal factors, such as personal influential radius, knowledge attenuation and disturbance due to personal abilities of expressing and assimilating knowledge etc. To analyze these influential factors, we show the changes of the average number of knowledgeable person N (k j i ≥ 0.5) over time in Fig. 6 . Since many variables are supposed to be subject to different probability distributions, we repeat the experiment 30 times to obtain the mean values of N (k j i ≥ 0.5) for both Fig. 6(a) and Fig. 6(a) respectively. It shows that the number of knowledgeable person increases with an increase in either parameter. Observe that there are some tiny fluctuations because the data is collected during crowd motion process.
As shown in Fig. 6(a) , N (k 2 i ≥ 0.5) increases with increasing the personal influential radius R at a given time, but the increase rate progressively slows because the neighbors of the individual will not change even R increases. The main reason is that the sight between the individual and its neighbors may be blocked by the obstacles in the scenario.
Next, we consider how the personal abilities of expressing and assimilating knowledge affect N (k 2 i ≥ 0.5). We adjust the means and standard deviations to obtain different values of ε and and study their influences on N (k 2 i ≥ 0.5). Fig. 6 (b) shows the influence of personal abilities of expressing in the scenario as shown in Fig. 4(a) . In this example, we set R = 3, σ ε = 0.2, µ = 0.5, and σ = 0.2 and gradually varied µ ε . It shows that the overall number of knowledgeable persons increases with an increase in µ ε . It means that when people have a higher ability to express knowledge, more people will obtain knowledge faster. Observe that the increase rate also progressively slows with the increase of µ ε because we only count the number of individuals with k 2 i ≥ 0.5, and increasing more on µ ε contributes little to promoting the increase of N (k 2 i ≥ 0.5). Similar results can also be obtained by varing µ . Table 1 shows the standard deviation of N (k 2 i ≥ 0.5) against the influential radius R and the time window. Here, we use N to denote the standard deviation of N (k 2 i ≥ 0.5). The experimental results show that as R increases, N decreases since the knowledge spread faster and much more people obtain the knowledge in a time window. As a result, some influential factors (e.g., uniform distribution of people, etc.) have a smaller impact on the fluctuations of N (k 2 i ≥ 0.5). Thus, the value of N reduces. Furthermore, N is smaller in the initial and final stages but larger in the intermediate stage given a specific R because N (k 2 i ≥ 0.5) increases slowly in the initial and final stages. Similar conclusion can also be draw when increasing µ and µ ε because the two parameters also determine the knowledge spreading speed as does the influential radius R.
C. ANALYSIS OF KNOWLEDGE-GUIDED WAYFINDING
The Probability-KWF model allows us to produce diverse actions in an unfamiliar environment. We analyze this model by modeling the motion of 10 individuals in the scenario given in Fig. 4(b) . In this example, the 10 individuals are uniformly distributed in the office. Fig. 7 shows the routes of the 10 individuals that have different familiarity degree with the subsections (different rooms in this example) in the office. Observe that the result in Fig. 7(a) is only a special case of our method where all individuals are experts. In Fig. 7(b) , the two individuals in the upper left of the scenario move to the destination directly because they have already located in their target subregion. Differently, the other individuals search their routes according to their knowledge about the environment. As a result, diverse actions are produced in this process. Evidently, the routes in Figs 7(a) and 7(b) differ greatly, demonstrating that our method considers the difference of individuals and that these individuals tend to take divers actions when having incomplete knowledge of an area.
The Probability-KWF model allows the individuals to adapt to knowledge changes. When individuals obtain more knowledge about the unfamiliar environment, they will have larger opportunities to select the optimal path. We use the heat map of routes to analyze this phenomenon. The heat map is constructed by the density of routes, in which hot colors represent higher route density and cool colors express lower route density. Fig. 8 shows the heat maps of the routes walked by 100 individuals that have different familiarity degree with the scenario. In this example, the 100 individuals are uniform distributed in the scenario shown in Fig.4(b) . We suppose the experts are selected from the crowd randomly and the percentage of experts are 0%, 15%, 33%, 67%, and 100%, respectively. The results show that the route distribution is more concentrated when more experts are added to the crowd. For example, in Fig. 8(a) , the route distribution is rather dispersed in the red rectangle, while it is rather concentrated in the red rectangle in Fig. 8(e) . The reason is that increasing the percentage of experts can speed up knowledge transmission process, making the individual more knowledgeable. These knowledgeable individuals will select shortest path to get their destinations, and thus, the route distribution is more concentrated. Fig. 7(a) and Fig. 8 (e) also show the results of homogeneous crowd simulation methods [1] - [3] which assume that all individuals are familiar with the environment. Observe that it is only a special case of our method where all individuals are experts as shown in Fig. 7(a) and Fig. 8(e) . Thus, the proposed method can simulate heterogeneous crowd evacuation in various situations flexibly by setting different parameters.
We future evaluate the proposed method on real-world situations by comparing the results with the two discoveries obtained from the real-world experiment in [31] . The realworld experiment is about way finding behaviors of participants which consist of 24 novices and 28 experts in a library. There are two meaningful discoveries in the real-world experiment. First, participants with familiarity walk shorter extra distance than do participants with no familiarity in all FIGURE 8. Heat maps of routes walked by the crowd that has different familiarity with the environment. From (a) to (e): the experts are selected from the crowd randomly and the percentage of experts are 0%, 15%, 33%, 67%, and 100%, respectively. The method [16] that assumes all individuals are familiar with the environment only obtains the heat map in (e). locations. Second, novices' routes cover larger areas on all the floors. As shown in Fig. 7(b)-(d) , individuals with incomplete knowledge take diverse individual paths which are much longer than the shortest paths taken by experts in Fig. 7(a) . Thus, the result is agreed with the first discovery. As shown in Fig. 8(a) , the heat map of routes is more dispersed than that in Fig. 8(e) . So, the novices' routes cover larger areas and the result is consistent with the second discovery. Fig. 9 and Fig. 10 show the average timing statistics for crowd evacuation in the scenario as shown in Fig. 4(b) . The experiment is repeated 30 times for collecting the mean values of evacuation time for both Fig. 9 and Fig. 10 respectively. In this example, the size of the office is 31 m×21 m and the evacuation time for the 8 groups of people with different size and different number of experts is shown in Fig. 9 . Results show that when the crowd has more knowledge, the evacuation takes less time, regardless of congestion. For example, the crowd that has 100% experts has the least evacuation time, whereas the crowd that has 0% experts take the longest time to finish. When the ratio of experts is increased, more individuals have chances to receive knowledge, thereby reducing the evacuation time. Fig. 9 also shows the impacts of different personal influential radius on evacuation time. In Fig. 9(a) and (b) , R is set to R = 2 and R = 1 respectively. It shows that when R decreases, the evacuation time increases accordingly because speed of knowledge transmission is reduced and less neighbors can receive the knowledge at a time. Furthermore, the effect of R on evacuation time is reduced when crowd density increases. As shown in Fig. 9 , when the number of the individuals increases to 400, the evacuation time of different cases is considerably close to each other. The reason is that increasing R contributes little to promoting knowledge transmission since the sight between individuals are blocked by obstacles in the scenario, and the number of neighborhood individuals will not change much. Fig. 10 shows the evocation time with different population size and knowledge expression ability µ ε . In this experiment, the values of µ ε is adjusted, whereas the other parameters are default values. The results demonstrate that larger value of µ ε leads to less evocation time, because increasing the abilities of expressing knowledge produces less knowledge attenuation and disturbance. Table 2 shows the standard deviation of the evacuation time T against the different population size N and familiarity degree K. The experimental results show that as the percentage of expert increases, K increases, and T decreases. The reason is that more people have enough knowledge to select a definite optimal path when increasing K, and the uncertain time of path exploration have a smaller influence on the evacuation time. Therefore, T is reduced. Conversely, the influence of the uncertain time for path exploration increases with a decreasing number of experts, and thus T increases. In addition, T decreases when N increases because the influence of the uniformly distributed people positions is reduced. Similarly, T also decreases with an increase in both µ ε and µ since knowledge is spread faster in these conditions. Thus, the uncertain exploration time is reduced accordingly.
D. CROWD EVACUATION IN AN UNFAMILIAR ENVIRONMENT

E. VISUALIZE THE CROWD MOTION
A 3D crowd simulation system is designed to compute crowd motion and exhibit the final simulation results. Our system adopts Microsoft .NET Framework 4.5.1, Visual Studio 2013 and Microsoft XNA Game Studio 4.0 for developing the real-time crowd simulation framework. To achieve 3D realistic crowd simulation results, we create a large numbers of photo-realistic human models with scanning techniques provided by Microsoft Kinect. In addition, the motion (i.e.,walk, run, etc.) of these models are driven by motion capture data, which are available from CMU (Carnegie Mellon University) motion capture data base at http://mocap.cs.cmu.edu/search.php?subjectnumber=2& trinum=1. The trajectories of crowd motion are computed by the proposed method in this paper. Fig. 11 shows a sequence of the crowd simulation results. In this example, 400 individuals attempt to move to the two exits of the office. Both the close-up and far-away images are provided to demonstrate the evacuation process intuitively. Images show that our system can exhibit the cultural and social behavior during evacuation process in a high degree of visual realism. Provide such an intuitive tool is beneficial, because the results can be accepted and understood by nonprofessionals and decision-makers more easily.
IX. CONCLUSION
Crowd simulation in an unfamiliar environment is a major consideration especially for safety evacuation. Crowd behavior in an unfamiliar environment is influenced by many factors (e.g., personal influential radius, knowledge attenuation and disturbance due to personal abilities of expressing and assimilating knowledge, etc.). Thus, modeling crowd motion that has incomplete knowledge of the environment presents a challenging issue. We propose a framework for computing the actual human behaviors in an unfamiliar environment. The framework quantifies and analyzes the above factors by defining three predominant procedures: knowledge representation, dynamic knowledge transmission and knowledgeguided wayfinding. In these procedures, we design the Semantic-LS to represent knowledge about the unfamiliar environment, construct the Personalized-KT model to capture important influential factors for knowledge transmission, and present a Probability-KWF model to produce diverse actions and allow the individuals to adapt to knowledge changes in an unfamiliar environment.
Our framework provides flexible and controllable modeling tools for crowd motion. A simulation system is also implemented to visualize the analysis in a graphical manner. This method can be applied to emergency response management for safety accidents. We would like extend our method to consider human reasoning in the mental world during wayfinding process in our future work. Furthermore, although the Semantic-LS represent the knowledge about the environment intuitively, it is complex for some situations, especially for large interior scenarios that involve many obstacles and have no obvious boundaries (e.g., a big clothing department store with many clothing booths). In the future, we would like to design more effective knowledge representation method for such complex situations. In addition, extending our method to consider crowd evacuation in multilayer building as introduced in [14] is also challenging and interesting. 
